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ABSTRACT 
Nowadays the classification of fingers movement could be used to classify or 
categorize many kinds of human finger motions including the classification of sign 
language for verbal communication. Principal Component Analysis (PCA) is one 
of classical method that capable to be verity the finger motions for various 
alphabets by reducing the dimensional dataset of finger movements. The objective 
of this paper is to analyze the human finger motions / movements between thumbs, 
index and middle fingers while bending the fingers using PCA-BMU based 
techniques. The used of low cost DataGlove “GloveMAP” which is based on 
fingers adapted postural movement (or EigenFingers) of the principal component 
was applied in order to translate the finger bending to the sign language alphabets. 
Preliminary experimental results have shown that the “GloveMAP” DataGlove 
capable to measure several human Degree of Freedom (DoF), by “translating” 
them into a virtual commands for the interaction in the virtual world. 
 
Keywords: EigenFingers; finger movement classification; hand finger bending; 




Many approaches for effective Human-Computer Communication have been proposed such 
as voice, face and gesture recognition systems. One approach involves the use of special 
devices, like sensor gloves to translating hand function and finger movement activities for 
rehabilitation process known as the DataGlove [1]. A commercial DataGloves usually use 
expensive motion-sensing fibers and motion analyzers are consequently too costly for the 
consumer market [2]. Nowadays, there are various methods of using sensing technology 
applications in order to improve the research and development for DataGloves application. 
For the example, Fahn C.-S et al [3] used the DataGloves that are able to provide the several 
high accuracy, high reliability, and high capability in measuring the DOF of human hands. 
Most of them are constructed by using the scientific sensor devices in order to measure the 
finger bending angles. Oz et al. [4] explained that by using the existing system of a sensory 
Cyberglove assisted with the ability of Flock of Birds 3-D motion tracker, the resulting 
system has managed to translate 26 American Sign Language (ASL) alphabets on a very 
impressive number of extracting gesture rate equally to 96.0% by using the artificial neural 
network (ANN) approach. Nakada et al. classified hand motion in use of chopsticks by 
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classification method proposed by Kamakura [5][6]. The advantage of this method is it 
makes separations of each finger pattern clear. Several researches have proved that there are 
systematic coordinated motions in the human hand [7]-[10].  
The goal of this research is to verify the entire finger bending movement / motion signals 
that recorded using GloveMAP DataGlove and the performance of data gathered to be 
determined by Principal Component Analysis (PCA) method. The advantage of this 
evaluation is not depend on size of human hand even though data are might difference 
because of difference finger bending style between the user. In this research, the use of PCA 
will provide groups of classification principle component of the fingers bending. 
This research paper is structured as follows: Section 2 addresses the literature review of 
the related researches to the several approaches, applications and problems of recognizing the 
fingers bending movement. Section 3 describes the methodologies of the system. Section 4 
describes the project experiment. Section 5 describes results and discussions. Finally on 
section 6 described the conclusions and proposing some possible future work. 
 
METHODOLOGIES 
The design and the method of bending the objects by using DataGlove GloveMAP were 
shown in Figure 1. The main prerequisite was to represent the human finger movement / 
fingertips bending as accurate as possible. All fingers are able to perform the fingertips 
flexion motions. The bending of thumb, index and middle human finger for several alphabet 
were well-defined in a marginally due to its special kinematical structure of GloveMAP. 




PCA has been found useful in many applications, such as, data analysis, process monitoring 
and data rectification [11]. PCA is a dimensionality reduction technique in terms of pick up 
the variance of the data and it interpretations for correlation among the variable. The 
coordinates of the new axis is calculated by changing the coordinates of the ordinary data. It 
is the revolution of linear multispectral space (measurement space) into the space of 
Eigenfingers (feature spaces). Let the dataset, consisting of p observation variables and q 




Fig 1: Resistive interface glove (GloveMAP) 
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The principal component transform is defined by: 
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A is an Eigenfingers matrix with a normalized covariance matrix F. Then J has a diagonal 
covariance matrix: 
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Meanwhile > …>  are the eigenvalues of the covariance / diagonal covariance matrix 
of F. Then, to meet the terms of the analysis of PCA the use of Eigenfingers and Eigenvalues 
are requisite. Whereas Eigenvalues can be simplified as Eigenvalues = 
Eigenfingers*original data. The analysis can assume to be as a list of real numbers and 
depending on the concepts of vectors and linear transformations [12]. Eigenfingers J of A and 
Eigenvalues λ can be determined as:- 
                                                                    =                                                                 (4) 
Can be simplified as: 
                                                             ( − ) = 0                                                (5) 
Where λ and A are calculated using Jacobi method [30], meanwhile I is an identity matrix. By 
using the equation 11, it is simply find the determinant of the Eigenfingers. 
                                                            det( − ) = 0                                                        (6)              
In particular, the finger bending and fingers bending may reduce the number of features 
needed for effective data representation by discarding the bending data. Equation 6 shows 
only small variances and retain only those terms that have large variances [13]. Let ,….,  
denote the largest l eigenvalues and associated eigenfingers be denoted by , ,….,  
respectively. The equation may write as:- 
 




For the calculation of dataset reduction the use of averages and standard deviations are 
essential for data centering and reduction. ̅ is the arithmetic mean of each column, it is  
presented by equation (14). The standard deviation is the square root of the variance; it is 
presented by equation [14]: 
̅ = 	  
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Classification of the dataset based on Best Matching Unit (BMU) 
The Best Matching Unit training algorithm is based on competitive learning which a 
particularly same as the neural network supervised learning technique. In this study, the 
BMU approach is employed to the dataset outputted from PCA, and thus the proposed 
algorithm is called PCA-BMU. To start the BMU features learning, the first step is to 
initialize all the neurons weights in the dataset features either to make the grouping values or 
sampled by the two largest principal component eigenvectors of the training samples. In 
order to utilize the competitive learning training technique, the sample dataset must be 
functioning as feeder to the features network by calculating the distances between neurons to 
their positions with a distance function. Euclidean distances between x and all the prototype 
vectors are computed, in order to find the best matching neuron unit. The BMU is selected as 
the unit that is the nearest to the input vector at an iteration t, using equation below:- 
                                            ‖ ( ) − ( )‖ = ‖ ( ) − ( )‖                                             (10) 
Once the new BMU is generated then the winning neuron is identifying i* then the 
“neighborhood” of the winning neuron could be calculated using the Kohonen rule. 
Specifically, all such neuron 	 	Θ ( ∗ ) are adjusted as follows: 
                             ( + 1) = ( ) + Θ( , ) ( )( ( ) − ( ))                        (11) 
Where α(q) is a monotonically decreasing learning coefficient and p(q) is the input vector. 
According to [15] stated that the other method to simply determine the best matching unit is 
using the node justification through all the nodes and the winning nodes could be calculated 
using the Euclidean distance between each node's weight vector and the current input vector. 
The node with a weight vector closest to the input vector is tagged as the BMU. Where V is 
the current input vector and W is the node's weight vector. 
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A proficient and effective finger bending feature classifier system often consists of a defined 
set of feature classes. Feature groups are well separated by a set of features that are typically 
derived from the multi-dimensional fingertips bending dataset. The most challenging step in 
clustering the fingers movement was feature extraction or pattern representation. In 
classification the objects were assigned to pre-defined groups, whereas in clustering the 
groups were also to be defined. However to achieve the partitioned indifferently for several 
applications dataset then clustering analysis was the best option. Figure 2 show the steps of 
finding the finger banding data cluster using principal component analysis (PCA). 
 
 




The experiment was carried out using real objects manipulated by a GloveMAP. Five 
people/subjects were needed in doing this experiment for fingers bending. Arrangements of 
GloveMAP wearer were required to bend their finger according to the alphabet. The chosen of 
alphabet depends on the diversity of finger bending for every human being was indifferently.  
According to our previous research [9][16][17][18] the way of wearing the GloveMAP will 
lead to the correct grip objects and it has already proved by the classification of finger bending 
data. Figure 3 shows the sample of fingers movement using the GloveMAP. 
During the task tested, each of the subjects must wear the GloveMAP on the right hand. 
All of the sensor values of the glove were sent through MATLAB engine into 
MATLAB®SIMULINK where all the dataset were transformed into data coordinates. The 
number of data configurations was determined accordingly to the bending duration for each 
group. It may seem trivial at first sight, since one could just fix a maximum number of data 
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and divide it by the number of groups. For this research, we propose not to justify a 
maximum number of samples, but some reasonable number of samples per bending 
activities. 
 
Fig 3: The example of GloveMAP finger movement activities (A) straighten fingers (B) 
bending of index finger (C) bending of middle finger (D) bending of both fingers [16][17] 
 
 
Fig 4: Finger activities (a) straighten fingers (b) bending of index finger (c) bending of 
middle finger (d) bending of both fingers 
  





Fig 5. Interaction with virtual interaction 
 
RESULTS AND DISCUSSIONS 
For the experimental result, fig. 5 shows several activities of the fingers motion have been 
taken. Finger bending process is intended to provide an appropriate signal to the 
microprocessor then the signal from the Arduino transmitting directly to the virtual program 
that can make it translating the virtual alphabet stored in the computer. Then the use of PCA 
clustering for simplest approach to reduce the impact of a large number of classes on the 
PCA-based fingertips bending recognition method is needed. Data’s were manipulated using 
the MATLAB®SIMULINK in order to overcome the correlation between the fingers 
movement data of principal components by the DataGlove “GloveMAP”. Research on the 
sequential learning has proven that clustering results in the training data set can enhance the 
generalization ability in fingers clustering. Figure 6 shows all the data’s will be going to be 
analyzed using Principal Component Analysis (PCA) methods whereas the data are taken 
directly from GloveMAP fingertips bending. After that all the data will be going to be 
analyzed using MATLAB®SIMULINK for principal component processing (EigenFinger) 
for feature extraction and dimension reduction as shown on the Fig. 7. 
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Fig 6: The initial finger bending data  
 
Fig 7: EigenFingers data for fingers bending after PCA 
 
After identifying data from the initial and eigenfingers data, PCA-BMU functions to 
classify the finger bending data by reducing dimensionality. PCA-BMU basic function was 
to justify the best matching neuron for finger bending features group. Figure 8 shows the best 
matching unit (BMU) for the fingers bending in order to justify the clustering feature. 
According to [19] stated that the training neuron for deciding the BMU and neighborhood 
using PCA features learning could be occurs in several steps: 
 
a) Each node's weights are initialized. 
b) A vector is chosen at random from the set of training data and presented to the lattice. 
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c) Every node is examined to calculate which one's weights are most like the input 
vector. The winning node is commonly known as the Best Matching Unit (BMU). 
d) The radius of the neighborhood of the BMU is now calculated. This is a value that 
starts large, typically set to the 'radius' of the lattice, but diminishes each time-step. 
Any nodes found within this radius are deemed to be inside the BMU's neighborhood. 
e) Each neighbouring node's (the nodes found in step d) weights are adjusted to make 
them more like the input vector. The closer a node is to the BMU, the more its 
weights get altered. 
f) Repeat step 2 for N iterations. 
 
The figures also show the nodes that stay far away from the BMU could be eliminated in 
order to get the best BMU neighborhood and at the same time BMU capable to help PCA 





Fig 8: The BMU of finger bending activity 
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Fig. 9: PCA-BMU data clustering for finger bending activity 
 
Figure 9 shows the clustering grasping feature for PCA-BMU approach. The figures show 
that the outer data (stated in the figure 9) could be eliminated or the data range could be 
reduced. The reduction / eliminate process should be considered because of the grasping 
force feature itself, could be more accurate and always emerges. The figures also show the 2 
groups of grasping force. Group 1 shows the maximum data features compare to the Group 2. 
Meaning that whichever the clustering group shows the maximum dataset, the selected 
clustering group could be called as the grasping force feature. 
CONCLUSION AND FUTURE WORK 
In this paper, we proposed a fingertip bending activities for sign language translation via a 
virtual environment using Principal Component Analysis (PCA) method. The collection of 
data that measure from the fingertip movement is measured by using GloveMAP and the 
advantages of the measurement could be perform by the characteristic values of one 
dimensional data of fingertips bending. The result from these experiments shows that PCA 
capable to justify all the bending feature and extract the principal components from the 
degraded fingertips movement. However, it is worth noticing that the new method of 
fingertips bending activities will result in accurate clustering features for alphabet fingers 
bending selection. Our future work will be focus on how to use association rule methods and 
capable to generate the abstract behaviors from the other gesture sequence not limited to the 
finger movements or bending but the other gesture. 
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